Abstract.-The paleontological record chronicles numerous episodes of mass extinction that 14 severely culled the Tree of Life. Biologists have long sought to assess the extent to which 15 these events may have impacted particular groups. We present a novel method for 16 detecting mass-extinction events from phylogenies estimated from molecular sequence data.
]}, where the survival probability for each event is specified in the 145 vector P = {ρ 1 , . . . , ρ k M }. We note that mass-extinction events might be modeled implicitly, 146 where a shift to a relatively high extinction rate is followed-after a short interval-by a 147 return to a relatively low extinction rate. By contrast, we model episodes of mass 148 extinction explicitly-as instantaneous events-so that we can estimate the probability 149 that such events have occurred. A realization of the process involves one speciation-rate shift, three extinction-rate shifts, and one mass-extinction event. B) Corresponding plots of the episodic (piecewise constant) speciation and extinction rates, with the times of the five events (see Table 1 for notation). The survival probability for the single mass-extinction event is ρ = 0.05.
We present a graphical model description of the CoMET model ( Figure S1 ), and 151 summarize the notation and interpretation of the model parameters in Table 1 . T D Vector of times of the extinction-rate changes.
152
Time of the i th extinction-rate change.
k D Number of extinction rate changes.
P
Vector of the survival probabilities per mass-extinction event.
ρ i Survival probability of the i th mass-extinction event.
T M Vector of times of the mass-extinction events.
Time of the i th mass-extinction event.
k M Number of mass-extinction events.
Likelihood function.-Let Ψ denote a reconstructed evolutionary tree relating n species, 153 comprising a tree topology, τ , and the set of branching times, T. For a birth-death process
154
where the rates of speciation and extinction are the same for all branches at any instant in 155 time, the probabilities of the tree topology and the branching times are independent. Thus,
156
we can compute the probability of the reconstructed evolutionary tree as the product of 157 the independent probabilities: P (Ψ) = P (τ ) × P (T).
158
For a tree with n species, there are n!(n − 1)!/2 n−1 unique labeled histories (we use labeled histories and tree topologies interchangeably). Under a birth-death process, all labeled histories are equally likely (Edwards 1970; Rannala and Yang 1996) , so
n−1 n!(n − 1)! .
We call a lineage that begins with a single species at time t and ends with a single sampled species at time T (the present) a singleton lineage. We proceed by recognizing 160 that a reconstructed evolutionary tree is composed of a set of independently evolving 161 singleton lineages: a tree with a single node (the root) has two singleton lineages, and each 162 additional node generates an additional singleton lineage ( Figure 2A ). Under a birth-death 163 process, the probability density of a singleton lineage is just the probability of starting with 164 a single species at time t and ending with a single sampled lineage at the present T ,
165
P (N (T ) = 1 | N (t) = 1) ( Figure 2B ).
166
We must also incorporate the probability density that each new singleton lineage 167 arises in the first place (i.e., that there is a speciation event at time t). Each singleton 168 lineage gives rise to new species at rate b(t); therefore, in general, the probability density 169 that a speciation event occurs at time t is simply b(t) multiplied by the number of singleton 
172
We condition the probability density of observing the branching times on the 173 survival of both lineages that descend from the root (otherwise, the root would not exist).
174
To do so, we divide by P (N (T ) > 0|N (0) = 1) 2 .
175
The probability density of the branching times, T, becomes P (T) = and the probability density of the reconstructed tree (topology and branching times) is then
We can simplify Equation (1) by substituting P (N (T ) > 0 | N (t) = 1) 2 exp(r(t, T ))
for P (N (T ) = 1 | N (t) = 1), where r(u, v) = 
This probability density was originally derived by Thompson (Thompson 1975; Equation 176 (3.4.6)) for constant rates (see also Equation 20 in Nee et al. 1994 ) and later extended to 177 arbitrary rate functions (Lambert 2010; Höhna 2013; 2014; 2015) .
178
The probability density of a reconstructed phylogeny Ψ in Equation (2) 
187
Inserting Equation (3) into Equation (2) yields the probability density of an observed (i.e., We first identify lineages within the phylogeny that begin and end with a single species (panel A, colored branches). Then, for each of those lineages, we compute the probability that the lineage ended with a single extant species at time T given that it began with a single species at time t, P (N (T ) = 1 | N (t) = 1) (panel B). We then multiply those probabilities by the number of labeled histories, as well as the probability that there were speciation events at each non-root node in the tree, b(t); finally, we condition on survival of the process by dividing by the probability that each lineage descending from the root left at least one extant descendant, P (N (T ) > 0 | N (0) = 1) 2 (panel C, see also Equation (1)).
Bayesian Inference

191
Parameterization and prior distributions.-In the previous section we described the 192 episodic birth-death process with mass-extinction events and gave the probability density
193
of an observed tree given the parameters, i.e., the likelihood function for the CoMET model.
194
The likelihood function allows us to estimate parameters of the model using different 195 statistical approaches, including maximum-likelihood estimation and Bayesian inference.
196
Previously, the study of temporal variation in diversification rates has largely been pursued 
198
However, Kubo and Iwasa (1995) demonstrated that stochastic-branching process models 199 are non-identifiable when parameters are estimated using maximum likelihood. That is, the 200 phylogenetic observations (the vector of waiting times between speciation events) are 201 equally likely to be the outcome of an infinite number of distinct diversification processes.
202
For example, a diversification process in which a low initial speciation rate later shifts to a 203 higher speciation rate produces the same phylogenetic observations as a constant-rate
204
process with a mass-extinction event (Stadler 2011b).
205
These considerations motivated our adoption of a Bayesian solution to this problem.
206
Pursuing the detection of mass-extinction events within a Bayesian statistical framework 207 both allows us to specify a prior distribution on the number of events-thereby 208 automatically penalizing more complex histories-and also to leverage biologically relevant 209 information (as informative priors) on the survival probability of mass-extinction events.
210
Specifically, we draw the number of speciation and extinction rate-shifts from a Poisson
211
prior with rate λ B and λ D , respectively. Following a shift in speciation or extinction rate,
212
we draw a new rate from a lognormal prior with parameters µ B and σ B or µ D and σ D .
213
Similarly, we draw the number of mass-extinction events from a Poisson prior with rate λ M ,
214
and draw the survival probability from a Beta prior with parameters α and β. By default,
215
we assume that α = 2 and β = 18; this corresponds to a prior belief that a mass-extinction 216 event will on average result in the loss 90% of the contemporaneous species diversity.
217
Accordingly, the parameters and prior densities of the CoMET model are as follows:
Empirical Bayesian hyperpriors.-Our use of lognormal priors for the speciation and 228 extinction rates raises the issue of how we should parameterize these distributions.
229
Specifically, we need to specify the mean and standard deviation of these prior densities.
is too small), the rates would be close to the mean and the model would disfavor large rate shifts. Conversely, if we were to specify a lognormal prior that is too diffuse (i.e., where the 233 standard deviation is too large), the rates would be overly dispersed and the model would 234 tend to overfit patterns of rate variation the data.
235
It is therefore crucial to carefully select the parameters of these prior distributions.
236
We might pursue one of three possible approaches for specifying the prior mean and 237 standard deviation of the lognormal priors: (1) CoMET model-where rates of speciation and extinction are assumed to be constant-to 261 estimate the posterior probability densities for the speciation and extinction rates. We 262 then center the lognormal prior on the inferred posterior mean for each parameter.
Similarly, we specify the standard deviation of the lognormal prior such that the variance 264 of the prior density is ten-fold that of the inferred posterior density. 
3. Compute the posterior probability for the proposed value:
4. Compute the posterior probability for the current value:
5. Compute the forward proposal probability: 8. Compute the acceptance probability:
2. Compute the posterior probability for the proposed value:
3. Compute the posterior probability for the current value: 7. Compute the acceptance probability: run without data, it will target the joint prior probability density of the model parameters.
304
This allows us to compare the inferred marginal prior probability density to the 305 corresponding known prior probability density for each model parameter: if the rjMCMC 306 algorithm and implementation are correct, we will recover the known prior densities. These 307 experiments confirmed the validity of the CoMET algorithms.
308
The CoMET model and the rjMCMC algorithm are implemented in the R package
309
TESS and are available from http://cran.r-project.org/.
310
Hypothesis Testing
311
Testing hypotheses regarding the timing of significant mass-extinction events.-Explicitly modeling mass-extinction events enables us to perform robust Bayesian hypothesis testing using Bayes factors. The Bayes factor compares the relative performance of two models (denoted M 0 and M 1 ) by comparing their marginal likelihoods:
where the marginal likelihood, Normally, the marginal likelihood is an intractable quantity to compute; however, the Bayes factor can be re-written as:
For example, we may be interested in testing the hypothesis that mass extinction i 14 occurred at time t:
Unfortunately, because we must approximate the posterior probability density of mass-extinction times with MCMC, the (estimated) posterior probability
will always be 0 (i.e., the probability that a numerical sample takes some real value t is 0).
We can, however, test the hypothesis that at least one mass extinction occurred in the interval I = (t, t + ∆t):
Conveniently, we can calculate the prior probability of no mass extinction under the CPP model:
where ∆t T is the duration of the interval relative to the height of the tree. The posterior probability can be approximated directly from the MCMC samples:
where N is the number of MCMC samples and M i is the vector of mass-extinction times in 317 the i th sample.
318
Our procedure for identifying the timing of mass-extinction events is as follows:
319
(1) discretize the interval (0, T ) into n intervals of duration ∆t = T n ; (2) for each interval, 320 compute the Bayes factor for at least one mass extinction in the interval; (3) identify 321 intervals with significant Bayes factor support for the specified significance threshold,
322
BF crit , as containing a mass-extinction event, and; (4) merge contiguous runs of intervals 323 with mass-extinction events into a single mass extinction whose time corresponds to the 324 interval with the highest support. This procedure is depicted in Figure 3 . Each bar represents the posterior probability of at least one mass extinction in that interval.
Bars that exceed the significance threshold (in this case, 2 ln BF > 6) indicate significant mass extinction events. When multiple adjacent bars are greater than the significance threshold, only the bar with the greatest support is considered a mass extinction. In this example, the Bayes factors are computed assuming λ M = ln 2, and we infer significant mass-extinction events in intervals 48 and 93.
estimates of mass-extinction times, but will also decrease the number of sampled mass 330 extinctions in the interval, resulting in unstable estimates of the posterior probability. We
331
have found that ∆t = T 100
provides a good compromise between precision and stability. The 332 identification of well-supported mass extinctions relies on a significance threshold, BF crit .
333
By convention, we use a significance threshold that corresponds to "strong" support 334 (2 ln BF crit ≥ 6, Kass and Raftery 1995). A well-supported mass extinction may also 335 appear in multiple consecutive intervals, which motivates step 4, the merger of contiguous 336 mass extinctions. We note that setting ∆t = T is equivalent to testing the hypothesis 337 regarding the occurrence of any significant mass-extinction events over the entire tree; 338 however, we can also test hypotheses about the exact number of mass-extinction events,
339
which we describe in the next section.
340
Testing hypotheses regarding the number of significant mass-extinction events.-Bayes factors can also be used to test hypotheses related to the number of mass-extinction events.
By treating the number of mass extinctions as the model, we can assess the support for exactly k mass-extinction events:
where, under the CPP model, the prior probability is simply calculated as:
and the posterior probability is directly estimated from the MCMC samples:
M is the number of mass-extinction events in the i th MCMC sample.
341
Simulation Study
342
The complex nature of both the CoMET model and the algorithms used to estimate 343 parameters of the model demand a comprehensive simulation study to characterize the 344 statistical behavior of this new method. We designed our simulation study to understand:
345
(1) the rate at which mass-extinction events are incorrectly inferred (the false discovery 346 rate); (2) the rate at which mass-extinction events are correctly inferred (the power );
347
(3) the accuracy of the inferred timing of mass-extinction events (the bias); (4) the ability 348 to distinguish multiple mass-extinction events, and; (5) the influence of shifts in 349 background diversification rates on the false discovery rate, power and bias of our approach.
350
All simulations and analyses were performed in the R package TESS (Höhna 2013).
351
False discovery rate.-We first assessed the liability of the CoMET model to detect spurious 352 mass-extinction events in trees simulated under constant speciation and extinction rates.
353
For each tree, we sampled the speciation rate, b, from a lognormal distribution with mean total; c.f., Figure 4A ).
359
We also assessed the liability of the CoMET model to detect spurious mass-extinction 
from a uniform distribution on (0, T ). We sampled the speciation rates,
from a lognormal distribution with mean µ B = 1 and standard deviation σ B = exp(0.2).
366
Similarly, we sampled the extinction rates, Figure 4B ).
370
In order to explore the impact of the chosen priors on our ability to detect 371 mass-extinction events, we analyzed each simulated tree under a variety of prior settings.
372
We considered cases where the prior expected relative-extinction rate (d ÷ b) was either too 
386
We ran each MCMC simulation until one of two stopping conditions was reached:
387
(1) the effective sample size (ESS, computed with the R package coda) for all of the 388 event-rate parameters-k B , k D and k M -exceeded 500, or; (2) the maximum number of 389 cycles (one million) was reached. We thinned the chains by sampling every 100 th state.
390
Occasionally, one or more parameters were found to have low ESS values (≤ 200) after the 391 MCMC simulation reached the maximum length. In such cases, we repeated the analysis.
392
We discarded the first 25% of the samples for each MCMC simulation as burnin. We then Power.-We first assessed the power of the CoMET model to correctly detect mass-extinction 397 events against a background of constant speciation and extinction rates. We sampled 398 speciation and extinction rates as described above for the false discovery rate experiments.
399
For each tree, we sampled the number of mass-extinction events, k M , from a Poisson 400 distribution with a rate parameter λ M = 1. We sampled the times of the mass-extinction Figure 4C ).
406
We also assessed the power of the CoMET model to correctly identify mass-extinction 407 events against a background of episodically shifting speciation and extinction rates. For 408 this experiment, we simulated trees exactly as in the initial power experiment, except that 409 we simulated diversification-rate shifts as described in the false discovery rate experiment.
410
We ran each simulation for T = 10 time units, simulating 100 trees of each size, with 411 N = {100, 200, 400, 800} species (400 trees in total; c.f., Figure 4D ).
412
We analyzed each simulated tree under the same variety of prior settings, and 413 performed and diagnosed the MCMC simulations as described in the false discovery rate 414 experiments (51, 800 analyses in total). We classified an analysis as having correctly 415 inferred a mass-extinction event if it indicated strong support for one mass-extinction event 416 when the tree actually experienced one mass-extinction event. We computed the power for 417 a particular combination of prior settings as the fraction of analyses that correctly 418 identified a mass-extinction event.
419
Bias.-We assessed the ability of the CoMET model to accurately estimate the timing of 420 mass-extinction events using the analyses from the previous section. When an analysis 421 correctly inferred a single mass-extinction event, we computed the bias of the estimated 422 event time as (t simulated − t estimated )/tree height × 100%.
423
Multiple mass-extinction events.-Motivated by our empirical conifer analysis (see below), 424 we investigated the behavior of the CoMET model under sequential mass-extinction events.
425
In particular, we were interested in the ability of the method to successfully detect the 426 older of two mass-extinction events, and the ability to distinguish the two mass extinctions 427 as a function of their relative age.
428
To approximate the conifer dataset (see below), we simulated trees with N = 492 429 species and a tree height of T = 340.43 million years. We simulated the trees under 430 constant background speciation and extinction rates, which were sampled from the 431 posterior distributions estimated from our empirical analyses. We simulated one ancient 432 mass-extinction event at t a = 250 Ma to mimic the Permo-Triassic mass-extinction event.
433
We then simulated a second, more recent mass extinction at t r = {200, 150, 100, 50} Ma.
434
Both mass-extinction events had a survival probability of ρ = 0.1. We simulated 100 trees 435 for each value of t r , for a total of 400 simulated trees.
436
We analyzed each tree using empirical Bayesian estimates of the diversification-rate analyses. We performed MCMC analyses and diagnostics as described previously.
441
For each analysis, we then estimated the time of inferred mass-extinction events as described previously in the hypothesis-testing section. We considered CoMET to have 443 provided a correct result if the inferred mass-extinction event was within four intervals
444
[4% = (340.43 ÷ 100) × 4 = ±13.6 million years] of the simulated mass-extinction event.
445
We then calculated the fraction of analyses under each set of priors that identified the more 446 recent, the more ancient, or both mass-extinction events.
447
An Empirical Example: Mass Extinction in Conifers
448
To demonstrate the application of the CoMET model to an empirical dataset, we 
460
We first performed a series of preliminary analyses on this tree to estimate the marginal 461 posterior probability densities for the diversification-rate hyperpriors, µ B , σ B , µ D , and σ D .
462
We performed these analyses under a constrained CoMET model, where background 463 diversification rates were held constant and mass-extinction events were precluded 464 (specified by setting λ B = λ D = λ M = 0). We approximated the joint posterior probability 465 density under this constrained model by running four independent MCMC simulations, and 
481
We specified the prior probability of surviving mass-extinction events using a beta prior 482 with shape parameters α = 2.5 and β = 7.5; this specifies an expected survival probability Rows of panels correspond to the absence (top panels) or presence (bottom panels) of background diversification-rate shifts, and columns of panels correspond to relative-extinction rate priors centered on the true values (left panels) or estimated from the data (right panels). Within each panel, the rows correspond to false discovery rates under various priors on the expected number of diversification-rate shifts (rows) and mass-extinction events (columns).
Our simulation study implies that the CoMET model has a slightly elevated FDR 511 (relative to the conventional 5% threshold): the overall FDR was inferred to be 8.1% or 512 9.9% for trees simulated under constant or episodically shifting background diversification 513 rates, respectively. However, a more careful examination of the results reveals that spurious 514 mass-extinction events are far more likely under specific combinations of prior settings.
515
Specifically, the false discovery rate was substantially inflated when the prior rate of 516 mass-extinction events was very low (FDR for λ M = 0.1: 18.9% without diversification-rate 517 shifts, 21.2% with diversification-rate shifts), compared to the remainder of the analyses 518 (FDR for λ M ̸ = 0.1: 4.4% without diversification-rate shifts, 6.1% with diversification-rate 519 shifts). The prior mean on the extinction rate, µ D , had a less pronounced effect on the false 520 discovery rate (FDR for µ D = {0.1, 0.5, 0.9}: 10.8%, 5.3%, 13.5% without diversification-rate shifts; 12.6%, 7.4%, 15.3% with diversification-rate shifts). Importantly, 522 the false discovery rate was much lower for analyses using empirical Bayesian approach to 523 specify hyperpriors (FDR for empirical hyperprior analyses: 2.8% without 524 diversification-rate shifts, 4.1% with diversification-rate shifts).
525
Power.-We evaluated the power of the CoMET model by computing the fraction of cases 526 where it identified strong support for a known (i.e., simulated) mass-extinction event. Our ability to correctly infer mass-extinction events depended critically on the 536 timing of the event. Detection rates were much higher in the more recent half of the tree 537 (power in the recent half: 51.5% without diversification-rate shifts, 53.7% with 538 diversification rate shifts) compared to the more ancient half (power in the ancient half: 539 8.8% without diversification-rate shifts, 11.6% with diversification rate shifts). Indeed, 540 power was the greatest when the mass-extinction event occurred somewhere between (power: 64.0% without diversification-rate shifts, 58.8% with diversification-rate 542 shifts). The prior on mass-extinction rate had a small influence on the power, with smaller 543 values having greater power (power in the more recent half of the tree for Frequency of detecting true mass-extinction events. Rows of panels correspond to the absence (top panels) or presence (bottom panels) of background diversification-rate shifts, and columns of panels correspond to relative-extinction rate priors centered on the true values (left panels) or estimated from the data (right panels). Within each panel, the rows correspond to the power under various priors on the expected number of diversification-rate shifts (rows) and mass-extinction events (columns). Within each cell, we plot power as a function of time by binning simulated trees by the relative time of the detected mass-extinction event, and compute the fraction of those trees where a mass-extinction event was correctly inferred.
Bias.-We evaluated the bias of inferred mass-extinction times under the CoMET model as 555 follows: for all cases in which a mass-extinction event was correctly inferred, we compared 556 the actual event time to the estimated event time as (t actual − t estimated )/tree height × 100%. where the extinction rate was centered on the true value (µ D = 0.5, left column), or where 559 the diversification-rate hyperpriors were specified using the empirical Bayesian approach 560 (right column). Results were similar for the entire simulation (see Figures S6 and S7 ).
561
Across all analyses, the estimated mass-extinction times were approximately unbiased; 562 overall, the inferred event times were biased by −0.5% or −3.2% of the true event times for Rows of panels correspond to the absence (top panels) or presence (bottom panels) of background diversification-rate shifts, and columns of panels correspond to relative-extinction rate priors centered on the true values (left panels) or estimated from the data (right panels). Within each panel, rows correspond to the bias under various priors on the expected number of diversification-rate shifts (rows) and mass-extinction events (columns). We computed the bias as (t simulated event − t estimated event )/tree height × 100%. 
569
These findings are consistent with our results based on the single-event simulations, which 570 indicate that power increases with the recency of the mass-extinction event (c.f., Figure 6 ). We plot the age of the more recent mass-extinction event along the x-axis, and the probability of correctly detecting mass-extinction events along the y-axis.
Mass Extinction in Conifers
575
Our analysis of the conifer phylogeny identified two mass-extinction events: the first 
578
Based on the results of our simulation study, we suspect that the "shadow effect" of the 
585
Our estimates of the mass-extinction times in conifers are, of course, based on 586 divergence-time estimates for this group. Accordingly, any bias in the inferred divergence 587 times will cause a corresponding bias in the inferred timing of the mass-extinction events. 
592
We note, however, that our method is unlikely to detect both the Triassic-Jurassic and the
593
Permo-Triassic mass-extinction events, given their close temporal proximity (c.f., Figure 8 ). 
Discussion
We present a novel Bayesian approach for detecting mass-extinction events from 596 trees inferred from molecular sequence data-the CPP on mass-extinction time (CoMET) 597 model-and describe the behavior of our method via a comprehensive simulation study.
598
Simulation studies are critical both for validating statistical methods-to ensure that the 599 algorithms and implementation provide reliable estimates under controlled conditions-and 600 also for providing practical advice for the application of these methods to empirical data.
601
Overall, our simulation study reveals that the CoMET model is statistically well behaved:
602 the method has substantial power to detect the number of mass-extinction events, provides 603 precise and unbiased estimates of the timing of mass-extinction events, and exhibits an 604 appropriate false discovery rate even when background diversification rates may vary.
605
Below, we first consider the implications of our simulation study for the practical 606 application of the CoMET model, and then discuss various avenues for usefully extending the 607 model. and mass-extinction events-and this model is known to be sensitive to the choice of priors.
613
Second, there is typically little biological basis for specifying priors for some of the CoMET 614 model parameters, particularly those describing the frequency and magnitude of shifts in 615 speciation and extinction rates. We should therefore be concerned that the choice of poorly 616 specified (hyper)priors may cause inflated false discovery rates (where the method identifies 617 spurious mass-extinction events) and/or biased parameter estimates (where the method 618 systematically over-or under-estimates the timing of inferred mass-extinction events).
619
Fortunately, the results of our simulation study provide clear guidance on this issue.
620
Our simulation study demonstrates that the CoMET model is relatively robust to
621
(mis)specification of the hyperpriors describing the frequency of events-i.e., the specified 622 values for the Poisson-rate parameters λ B , λ D , and λ M (c.f., Figures 5, S2, S3 ).
623
Nevertheless, we recommend performing analyses under a range of event-rate priors to 624 assess their potential impact (as demonstrated in our conifer analyses; c.f., Figure S9 ).
625
Although the CoMET model appears quite robust to the specified hyperpriors on event frequencies, our simulation reveals that it is somewhat sensitive to the hyperpriors on event
627
magnitudes. This is unproblematic for the focal parameter, as we will typically have ample 628 evidence regarding the expected magnitude of mass-extinction events (i.e., to specify values 629 for the α and β hyperpriors describing the shape of the beta prior on survival probability).
630
By contrast, we will typically lack information regarding the expected magnitude of 631 diversification-rate shifts-i.e., to specify values of the hyperpriors describing the shape of 632 the lognormal speciation-and extinction-rate priors (µ B , σ B , and µ B , σ B , respectively).
633
Under simulation, very poorly specified diversification-rate hyperpriors caused the 634 overall false discovery rate of the CoMET model to become slightly elevated: we detected 635 spurious mass-extinction events in 8.1% or 9.9% of the trees simulated under constant or 636 episodically shifting background diversification rates, respectively ( Figures S2 and S3 ).
637
Fortunately, our simulation study indicates that the empirical Bayesian procedure provides 638 a reliable means for specifying appropriate values for the diversification-rate hyperpriors.
639
Under this approach, the false discovery rate of the CoMET model was slightly conservative
640
(we detected spurious mass-extinction events in 2.8% or 4.1% of the trees simulated under 641 constant or episodically shifting background diversification rates, respectively).
642
Accordingly, we strongly recommend use of the empirical Bayesian approach for specifying 643 diversification-rate hyperpriors of the CoMET model (in fact, we have automated this 644 procedure and made it the default setting in our TESS software package).
645
Size and relative age of empirical trees.-Our simulation provides guidance on key aspects 646 of study trees that render them appropriate candidates for analysis using the CoMET model.
647
The power of the CoMET model to detect mass-extinction events increases with tree size: all 648 else being equal, it will therefore be easier to detect mass-extinction events in larger trees.
649
Nevertheless, detection rates were quite high even for the smallest trees in our simulation
650
(with N = 100 species). Although size is clearly an important factor, the age of the tree 651 relative to the mass-extinction time has a much greater impact on the detection 652 probability. In order for a mass-extinction event to leave a detectable phylogenetic signal, 653 the study tree must both contain a sufficient number of lineages at the time of the event,
654
and must also be afforded a sufficient recovery period following a mass-extinction event.
655
Therefore, a mass-extinction event that occurs too close to the root of the study tree will 656 be difficult to detect because too few lineages will have participated in that event (see 657 Figure 6 ). Similarly, a mass-extinction event that occurs too close to the tips of a study 658 tree will be difficult to detect because too little time has elapsed for the tree to recover 659 from the event. Accordingly, there is a 'sweet spot' where our ability to detect a mass-extinction event will be greatest: a candidate study tree should ideally be ∼ 2 − 3 661 times the age of the putative mass-extinction event, but the event should not occur in the 662 last ∼ 15% of the tree height. This same reasoning explains the power of the CoMET model 663 to detect sequential mass-extinction events. An earlier mass-extinction event has to occur 664 sufficiently far from the root of the tree to ensure that an adequate number of lineages are 665 exposed to the event, but it must also have sufficient time to recover from that event before 666 a subsequent mass-extinction event occurs.
667
Future Extensions of the CoMET Model
668
The CoMET model describes the history of three types of events: tree-wide shifts in 669 speciation rate, tree-wide shifts in extinction rate, and mass-extinction events. Our focus 670 here, however, is restricted to inferring the number and timing of mass-extinction events.
671
Accordingly, we have explicitly adopted the perspective that episodic changes in 672 diversification rate are merely 'nuisance' parameters of the CoMET model. These events are 673 primarily included because diversification-rate shifts are thought to be a common feature of 674 empirical trees that, if ignored, might impact our estimates of the focal model parameters.
675
Of course, it might also be possible to use the CoMET model to infer the number, timing,
676
and magnitude of tree-wide shifts in diversification rate. However, we have not investigated 677 the ability of the CoMET model to provide reliable estimates of tree-wide diversification-rate 678 shifts, and so caution users against over-interpreting estimates of these parameters.
679
The CoMET model is currently restricted to the analysis of trees that have a 680 complete-or if incomplete, a random sample-of species. Given that most empirical trees 681 include a non-random subsample of species, this may limit the application of our method.
682
Of course, it is possible to apply the CoMET model to trees with non-random species 683 sampling, although the statistical behavior of the method is unknown for these datasets.
684
Instead, it would be preferable to provide greater flexibility for accommodating incomplete Höhna 2014; 2015) . This is an area of current work (Höhna, May, and Moore, in prep.) . on the properties of study trees that will impact detection probabilities using our method.
742
We also demonstrate the empirical application of the CoMET model to a recent phylogeny of 743 conifers, which reveals that this group experienced two major episodes of mass extinction.
744
We are optimistic that the development of a robust and powerful statistical approach for 745 detecting mass-extinction events will provide an important tool for advancing our mass-extinction events) sorted in increasing order (see Fig. 1.b) . It is convenient to expand 851 the vectors for all of the other parameters so that they have the same number of elements 852 as X. We use the notation S(2, t 1 = 0, T ) to represent the survival of two lineages in the
, which is the condition we enforce on the reconstructed evolutionary process.
854
This allows us to write the more convenient equation for the probability density of a 855 reconstructed tree
861
Additional details regarding the derivation of this probability density and its relation to 862 other birth-death models are discussed by Höhna (2015) .
Supporting Information
864
CoMET: A Graphical Model Description
865
Below, we provide a graphical-model representation of the CoMET model ( Figure S1 ).
866
The phylogenetic application of graphical models is described by Höhna et al. (2014) . Here the choice of prior distribution and the hierarchical structure of the model is explicit; the number of speciation-rate shifts, extinction-rate shifts, and mass-extinction events are Poisson distributed variables-k B , k D , and k M , respectively-where lognormal distributions are used for the speciation and extinction rates and a beta distribution is used for the survival probability. Arrows indicate the dependence between parameters, where the direction specifies the conditional relation (e.g., an arrow from the constant parameters 0 and T to the random variable t B Within each panel, the rows correspond to the power under various priors on the number of diversification rate shifts (rows) and mass extinction events (columns). In each cell, we compute the power as a function of time by binning simulated trees into the interval corresponding to their mass-extinction time, and computing the fraction of those trees where a mass-extinction event was correctly inferred. Within each panel, the rows correspond to the power under various priors on the number of diversification rate shifts (rows) and mass extinction events (columns). In each cell, we compute the power as a function of time by binning simulated trees into the interval corresponding to their mass-extinction time, and computing the fraction of those trees where a mass-extinction event was correctly inferred. marginal distribution of extinction rate empirical prior distribution on extinction rate mean of empirical distribution on extinction rate marginal distribution of speciation rate empirical prior distribution on speciation rate mean of empirical distribution on speciation rate Figure S8 : Empirical hyperpior analysis of the conifers. Histograms are the marginal posterior densities of the speciation (purple) and extinction (red) rates for the constant-rate birth-death-sampling process applied to the conifer data. Solid lines are the corresponding marginal prior densities of the speciation and extinction rates used for the subsequent CoMET analyses, dashed vertical lines are means of the empirical prior densities. 
